Contract No.: 53-3198-4-031
MPR Reference No.: 8207-050

STATE ESTIMATES OF INFANTS
AND CHILDREN INCOME ELIGIBLE
FOR THE WIC PROGRAM IN 1992

May 15, 1995
Author:
Allen L. Schirm
Submitted to: Submitted by:
U.S. Department of Agriculture - Mathematica Policy Research, Inc.
Food and Consumer Service 600 Maryland Avenue, S.W.
3101 Park Center Drive Suite 550
Room 214 Washington, D.C. 20024

Alexandria, VA 22302

Attention: Cindy Long



ACKNOWLEDGMENTS

I thank Matthew McKearn and Cindy Long of the Food and Consumer Service, Alan Zaslavsky
of Harvard University, and John Czajka of Mathematica Policy Research for belpful comments and
guidance. Aleda Freeman provided skillful programming assistance. Deborah Patterson assisted in
the preparation of the report, and Daryl Hall edited the report.



Chapter

CONTENTS

Page
EXECUTIVE SUMMARY . ...cuutitiint it iie e iieaannns xi
INTRODUCTION ... .ttttiteit e e e e 1
A STEP-BY-STEP GUIDE TO DERIVING STATE ESTIMATES
OF ELIGIBLE INFANTS AND CHILDREN ........................ 5
STATE ESTIMATES OF WIC ELIGIBLESFOR 1992 ................. 21
REFERENCES .. ...iuiintiitiitii et et 27
APPENDIX: THE ESTIMATION PROCEDURE: ADDITIONAL
TECHNICALDETAILS ...........cooiiniennnnn.... 29



Table

IL.1

1.2

1.3

1.4

m.2

Al

A2

A3

A4
AS

A6

Al

A8

A9

TABLES

Page
PERCENTAGES OF INFANTS AND CHILDREN INCOME
ELIGIBLE: CENSUS AND CPS SAMPLE ESTIMATES ............ 8
CHANGES BETWEEN 1989 AND 1992 IN PERCENTAGES
OF INFANTS AND CHILDREN INCOME ELIGIBLE ............. 13
PERCENTAGES OF INFANTS AND CHILDREN INCOME
ELIGIBLE: CENSUS AND SHRINKAGE ESTIMATES ............ 17
PRELIMINARY SHRINKAGE ESTIMATES OF THE NUMBERS
OF INFANTS AND CHILDREN INCOME ELIGIBLE IN 1992 ...... 19
FINAL SHRINKAGE ESTIMATES OF THE NUMBERS OF
INFANTS AND CHILDREN INCOME ELIGIBLEIN 1992 ......... 2
APPROXIMATE 90-PERCENT CONFIDENCE INTERVALS FOR
SHRINKAGE ESTIMATES ... .vvvttetietieeeeaeeiaaaaannnnn. 23
PERCENTAGES OF INFANTS AND CHILDREN INCOME
ELIGIBLE . ...coiiiiiiiieetieeeaiiieeaeeanennn. e 32
WIC POVERTY GUIDELINESFOR 1992 .. ..................... 33
DEFINITIONS AND DATA SOURCES FOR PREDICTOR
VARIABLES . ...ttt ittt 38
1989 DATA FOR CALCULATING PREDICTOR VARIABLES ...... 39
1992 DATA FOR CALCULATING PREDICTOR VARIABLES ...... 40
VALUES FOR PREDICTOR VARIABLES IN REGRESSION
) (0] ) ! 41
CHANGES BETWEEN 1989 AND 1992 IN PERCENTAGES
OF INFANTS AND CHILDREN INCOME ELIGIBLE:
REGRESSIONESTIMATES . . ...t 43
CHANGES BETWEEN 1989 AND 1992 IN PERCENTAGES
OF INFANTS AND CHILDREN INCOME ELIGIBLE:
SHRINKAGE ESTIMATES .......c.vvvuireennrnnnnnnnnannenn. 47
PERCENTAGES OF INFANTS AND CHILDREN INCOME
ELIGIBLEIN 1992 . ...\ttt e 49



TABLES (continued)

Table Page
A10 SAMPLE AND SHRINKAGE ESTIMATES OF THE NUMBERS

OF INFANTS AND CHILDREN INCOME ELIGIBLE IN 1992 ... ... 52
All APPROXIMATE 90-PERCENT CONFIDENCE INTERVALS

FOR ESTIMATES OF NUMBERS OF ELIGIBLE INFANTS ........ 53
A12 APPROXIMATE 90-PERCENT CONFIDENCE INTERVALS

FOR ESTIMATES OF NUMBERS OF ELIGIBLE CHILDREN .. .... 54



FIGURES

Figure Page
.1 THE ESTIMATIONPROCEDURE ..........c.cvvvinnnnnnnnnn.. 6
2 AN ILLUSTRATIVE REGRESSION ESTIMATOR . ............... 1
IL3 SHRINKAGE ESTIMATION ..........ciiiiuiiniennrennennnnn. 15



EXECUTIVE SUMMARY

This report presents state estimates of the numbers of infants and children who were income
eligible for the Special Supplemental Nutrition Program for Women, Infants, and Children (WIC)
in 1992. These estimates, used to calculate state WIC grants for fiscal year 1995, were derived using
"shrinkage" estimation. Drawing on both census and Current Population Survey (CPS) data as well
as administrative records data from government program case files and vital statistics systems, we
developed shrinkage estimates by averaging CPS sample estimates with predictions of WIC eligibles
from a statistical regression model. The predictions were based on observed changes in government
program participation and other indicators of socioeconomic conditions. The shrinkage estimates are
more timely than census estimates, which had been used for fund allocation in prior years, and
substantially more precise than CPS direct sample estimates.



L. INTRODUCTION

To allocate program funds equitably, the U.S. Department of Agriculture requires timely and
accurate state estimates of the number of people cligible for the Special Supplemental Nutrition
Program for Women, Infants, and Children (WIC). This report presents state estimates of the
numbers of infants (age under 1) and children (ages 1 to 4 inclusive) who were income eligible for
the WIC Program in 1992, that is, the numbers whose family incomes were at or below 185 percent
of the applicable poverty guidelines. These estimates, used to calculate state WIC grants for fiscal
year 1995, were derived using “shrinkage” estimation. This introductory chapter explains the
advantages of shrinkage estimation relative to direct estimation from the census or the Current
Population Survey (CPS), the leading data sources for developing statc estimates. Chapter II
describes how we derived shrinkage estimates, and Chapter II1 presents our state estimates of WIC-
cligible infants and children for 1992. Technical details and additional information about our
estimation method are provided in the Appendix.

The census is the most commonly used data source for deriving state, county, and other
subnational estimates. However, because the census is conducted only once every 10 years, census
estimates may not be timely for many purposes. As suggested by the estimates presented in this
report, social and economic conditions change, often rapidly, over time. Therefore, more recent data
may better reflect current conditions.

The CPS provides the most recent data from which we can develop annual state estimates of
WIC cligibles. However, despite their timeliness, CPS sample estimates are typically imprecise
because state samples of infants and children are small. For example, although our single best direct
estimate from the CPS is that Minnesota had 114 thousand eligible children in 1992, we are able to
state with confidence--according to widely accepted statistical standards—only that we believe the true

number lies between 74 and 154 thousand. Such a wide range reflects imprecision and suggests that



we are very uncertain about the number of eligible children in Minnesota and that our estimate of
114 thousand may be highly inaccurate. We are also unable to determine how Minnesota compares
with other states. The estimates of eligible children for about one-third of the states fall within the
74 to 154 thousand range, even though some of those other states have much bigger or smalier
populations than Minnesota. Ranked in terms of eligible children, Minnesota could fall below those
states, above them, or somewhere in the middie.

Restricting ourselves to direct estimation from the census or the CPS forces us to make a
tradeoff between timeliness and precision. We have minimized this tradeoff by using an alternative
method--shrinkage estimation--to develop state estimates of WIC eligibles. Our shrinkage estimator
uses both census and CPS data as well as administrative records data from government program case
files and vital statistics systems. We obtained shrinkage estimates by averaging CPS sample estimates
with predictions of WIC eligibles made using a statistical regression model. Our predictions are based
on observed changes in government program participation and other indicators of socioeconomic
conditions. The shrinkage estimates presented in this report are as timely as the CPS sample
estimates but substantially more precise.

Shrinkage estimators have been used for allocating program funds and other purposes. Fay and
Herriott (1979) developed a shrinkage estimator that combined sample and regression estimates of
per capita income for small places (population less than 1,000). Their estimates were used to allocate
funds under the General Revenue Sharing Program. State shrinkage estimates of median income for
four-person families are used to administer the Low Income Home Energy Assistance Program
(LIHEAP) (Fay, Nelson, and Litow 1993). Schirm, Swearingen, and Hendricks (1992) used a
shrinkage estimator similar to the one used for this report to develop state estimates of poverty and
Food Stamp Program eligibility and participation. Finally, a shrinkage estimator was used to adjust

the 1990 decennial census for the undercount (Hogan 1993), although the secretary of commerce



ultimately rejected adjusted figures in favor of unadjusted figures as the official 1990 census
population estimates.

A recent review of shrinkage methods and other techniques for "small area” estimation can be
found in Ghosh and Rao (1994). In his evaluation of small area estimators, Schirm (1994) compared
the relative accuracy of alternative state poverty estimates and found that shrinkage estimates are
substantially more accurate than the estimates obtained from other methods that have been widely

used. Those findings give us further confidence in the estimates presented in this report.



I1. A STEP-BY-STEP GUIDE TO DERIVING STATE ESTIMATES
OF ELIGIBLE INFANTS AND CHILDREN

This chapter describes our procedure for estimating the numbers of infants and children who
were income eligible for WIC in each state. This procedure, summarized by the flow chart in Figure

I1.1, has the following eight steps:

1. From the most recent census (1990), derive state estimates of the percentage of
infants and children who were income eligible.

2. From the most recent CPS (March 1993), derive state sample estimates of the
percentage of infants and children who were income eligible.

3. Construct sample estimates of the change in the percentage eligible between 1989
and 1992.

4. Using a regression model, predict the change in the percentage eligible for each
state based on observed changes in (i) Food Stamp Program (FSP) participation,
(ii) Unempioyment Insurance (UI) Program participation, and (iii) per capita
income.

5. Using "shrinkage” methods, average the sample estimates of change and the
predictions of change.

6. Add the shrinkage estimate of the change between 1989 and 1992 to the census
estimate of the percentage eligible in 1989 to get a shrinkage estimate of the
percentage eligible in 1992.

7. Muitiply the shrinkage estimate of the percentage eligibie by the state population
of infants and the state population of children to get preliminary shrinkage
estimates of the numbers of eligible infants and children.

8. Control the preliminary state shrinkage estimates of the numbers of eligible infants

and children to sum to the national totals for eligible infants and children obtained
from the CPS.

Each step is described below, and additional technical details are provided in the Appendix.



FIGURE 11.1
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1. From the most recent census (1990), derive state estimates of the percentage of infants and
children who were income eligible.

Table 11.1 presents 1990 decennial census estimates of the percentage of infants and children
who were income eligible in each state. Because the family income data collected in the census
pertain to the preceding calendar year, the eligibility estimates in Table I1.1 are for 1989. According
to the table, 28.543 percent of all infants and children in Delaware, for example, were income eligible
for WIC in 1989.

We estimated the percentages, rather than the numbers, of infants and children who were
income eligible for a simple technical reason. Percentages standardize for state size, in contrast to
counts where one state may have more eligible infants and children than another state simply because
the first state has a larger population. Such standardization is required for the regression and
shrinkage estimation performed in subsequent steps.

We derived the estimated percentages in Table II.1 from estimates developed by Sigma One
Corporation (1993). Because census samples for states are very large, the estimates are precise.
However, they may quickly become "old" if economic conditions have changed substantially in the
years since the census.

2. From the most recent CPS (March 1993), derive state sample estimates of the percentage of
infants and children who were income eligible.

The most recent CPS that has income data for families provides more timely information than
the census. That CPS was the March 1993 CPS when we were developing eligibles estimates to be
used in allocating funds for fiscal year 1995.

Table II.1 displays sample estimates from the March 1993 CPS. Like the census, the CPS
collects family income data for the prior year. Thus, the sample estimates pertain to 1992. According
to the table, 32.065 percent of all infants and children in Delaware, for example, were income eligible

for WIC in 1992, compared with 28.543 percent in 1989.



TABLE 1.1

PERCENTAGES OF INFANTS AND CHILDREN INCOME ELIGIBLE:

CENSUS AND CPS SAMPLE ESTIMATES

1989 1992 Change Between
State (Ceansus) (CPS) 1989 and 1992
Alabama 46.302 44476 -1.826
Alaska 41367 41355 -0.012
Arzona 45.474 42.802 2672
Arkansas 52.206 53.929 1723
California 37.760 46573 8813
Colorado 36.057 36.754 0.697
Connecticut 21.200 34.766 13.566
Delaware 28.543 32.065 3s22
District of Columbia 46241 67.187 20.946
Florida 40.021 49.457 9.436
Georgia 40615 40.193 0422
Hawaii 36.821 46.620 9.799
Idabho 46.808 46.822 0.014
Diinois 33.183 40.696 7513
Indiana 35470 47.088 11618
Towa 36.846 41.081 4235
Kansas 36.760 34.028 -2.732
Kentucky 48.123 53.568 5.445
Louisiana 52.651 55899 3.248
Maine 34528 47455 12927
Maryland 24.246 37928 13.682
Massachusetts 25.087 27.620 2533
Michigan 37172 39.026 1.854
Minnesota 29.362 41.236 11.874
Mississippi 57544 59.956 2412
Missouri 38.929 59.946 21.017
Montana 46.639 53.704 7.065
Nebraska 38.100 32.261 -5.839
Nevada 34353 38.135 3.782
New Hampshire 20.531 30.094 9.563
New Jersey 22.446 31.036 8.590
New Mexico 53.995 54.170 0.175
New York 35.136 44.364 9.228
North Carolina 39.911 45.196 5.285
North Dakota 42554 42977 0423
Ohio 37.048 39.171 2123
Oklahoma 47.638 52.280 4.642
Oregon 39.879 44.718 4839
Pennsyivania 33428 33.162 -0.266
Rhode Island 29.823 38.819 8.996
South Carolina 43.847 52.130 8.283
South Dakota 47214 40561 -6.653
Tennessee 44.004 60.352 16.348
Texas 45835 51.141 5306
Utah 39.999 32.884 <7115
Vermont 31.164 29.180 -1.984
Virginia 31.369 33.635 2.266
Washington 34.764 34242 0.522
West Virginia 51.603 60.589 8.986
Wisconsin 34.094 290.870 4.224
Wyoming 41.211 36.873 -4.338
United States 37.789 43.580 5.791




Although timely compared with the census estimates, the CPS sample ‘estimates are relatively
mmprecise. The standard errors for the CPS estimates, reported in the Appendix, tend to be large,
$0 our uncertainty is great. For example, according to widely used statistical standards, we can be
confident only that the percentage of income-eligible infants and children in Delaware was between
22.501 percent and 41.629 percent. This range is so wide and our uncertainty so great because the
CPS samples of infants and children in each state are small. Indeed, that is why we derived an
cligibility estimate for infants and children combined, rather than scparate estimates, one for infants
and one for children. In the March 1993 CPS, there are data for fewer than 30 infants for most

states.

3. Construct sample estimates of the change in the percentage eligible between 1989 and 1992.

A sample estimate of the change in the percentage eligible between 1989 and 1992 was
calculated by subtracting the census estimate for 1989 from the CPS estimate for 1992. According
to Table I1.1, the percentage eligible in Delaware rose by 32.065 — 28.543 = 3.522 percentage points
over the three years.

We calculated sample estimates of change for use in the regression and shrinkage estimation
described in the next few steps. Focusing on the change in the percentage eligible between 1989 and
1992, rather than just the percentage eligible in 1992, is a simple way to reflect a strong systematic
relationship: states with a high percentage eligible in 1989 tend to have a high percentage eligible in
1992, and states with a low percentage eligible in 1989 tend to have a low percentage eligible in 1992.
In_principle, our shrinkage method obtains better estimates by using information on not only where

a state "is,"” but also where it "began.”



4. Using a regression model, predict the change in the percentage eligible for each state based on
observed changes in (i) Food Stamp Program (FSP) participation, (ii) Unemployment
Insurance (UI) Program participation, and (iii) per capita income.

The main limitation of the sample estimates derived in the previous step is imprecision.
Regression can reduce that imprecision. Regression estimates are predictions based on nonsample
or highly precise sample data, such as census and administrative records data. The latter include
government program case files and vital statistics records.

Figure I1.2 illustrates how the regression estimator works. The simple example in the figure has
just nine states and one predictor variable—-the change in FSP participation—that will be used to
predict each state’s change in the percentage of infants and children who were income eligible for
WIC. The triangles in the figure correspond to sample estimates; a triangle shows the change in FSP
participation in a state (on the horizontal axis) and the sample estimate of change in WIC eligibles
in that state (on the vertical axis). Not surprisingly, the graph suggests that the change in FSP
participation is systematically associated with the change in WIC eligibles. States with larger increases
in FSP participation tend to have larger estimated increases in WIC eligibles, although the
relationship is far from perfect. To depict this relationship between changes in FSP participation and
WIC eligibles, we can use a technique called “least squares regression” to draw a line through the
triangles (that is, we "regress” the sample estimates on the predictor variable). Regression estimates
of WIC eligibles are points on that line, the circles in Figure II.2. The predicted change in WIC
eligibles for a particular state is obtained by moving vertically from the state’s sample estimate (the
triangle) to the regression line (where there is a circle) and reading the value off the vertical axis.
For example, the regression estimator predicts about a 6 percentage point change in WIC cligibles-
for both of the states with increases in FSP participation just under 3 percentage points. In contrast,
for the state with a 1 percentage point increase in FSP participation, the predicted increase in WIC

eligibles is under 2 percentage points.
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Table I1.2 displays the sample estimates calculated in Step 3 and the regression estimates
calculated in this step. To derive the regression estimates in Table I1.2, we included all of the states,
pot just pine as in our illustrative example, and we used three predictor variables, not just one.
Adding two predictor variables improves our predictions. The three predictor variables used measure
the changes between 1989 and 1992 in (1) FSP participation, (2) UI Program participation, and (3)
per capita income. These three were selected as the best predictors from a longer list presented in
the Appendix, which also provides complete definitions and data for caiculating values for the three
best predictors. As expected, the estimated regression displayed in the Appendix shows that states
with relatively large increases in FSP and Ul Program participation and large decreases in per capita
income tend to have relatively large increases in the percentage of infants and children eligible for
WIC. The Appendix also presents standard errors for the regression estimates. Because they are
much smaller than the standard errors for the sample estimates, the regression estimates are more
precise than the sample estimates.

Comparing how the sample and regression estimators use data reveals how the regression
estimator "borrows strength” to improve precision. When we derived sample estimates in Step 3, we
used only data from Delaware to estimate the change in the percentage of infants and children
eligible for WIC in Delaware, even though Delaware, like nearly all states, has a small CPS sampile.
Deriving regression estimates in this step, we estimated a regression line from sample and
administrative records data for all the states and used the estimated line (with administrative records
data for Delaware) to predict the change in WIC eligibles for Delaware. In other words, the
regression estimator not only uses the sample estimates from every state to develop a regression
estimate for a single state but also incorporates data from outside the sample, namely, data in
administrative records systems. The regression estimator improves precision by using more data to
identify states with sample estimates that seem too high or too low because of sampling error, that

is, error from drawing a sample that has a higher or lower percentage of eligible infants and children
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TABLE 112

CHANGES BETWEEN 1989 AND 1992 IN PERCENTAGES OF
INFANTS AND CHILDREN INCOME ELIGIBLE

Sample Regression Shrinkage
State Estimate Estimate Estimate
Alsbama -1.826 2.760 2.506
Alaska -0.012 9343 8.238
Arizona 2672 7439 6.336
Arkangas 1.723 4.142 3om
California 8.813 8377 8.619
Colorado 0.697 0.068 0.133
Connecticut 13.566 8805 9.044
Delaware 3522 7.174 6.788
District of Columbia 20.946 11814 12.032
Florida 9.436 11670 10.907
Georgia 0422 5.290 4.785
Hawaii 9.799 7.058 7325
1daho 0.014 2256 2020
linois 7513 3.886 4.638
Indiana 11618 5611 6.221
Towa 4235 2.070 2634
Kansas 2732 1.051 0.620
Kentucky 5445 2.226 2.409
Louisiana 3.248 0.895 0977
Maine 12927 10.428 10.510
Maryland 13.682 6.785 8.268
Massachusetts 2533 1.295 1.596
Michigan 1.854 4.737 4331
Minnesota 11.874 0.905 1454
Mississippi 2412 2432 2436
Missouri 21.017 4110 5911
Montana 7.065 2.260 2.366
Nebraska -5.839 1.151 0.191
Nevada 3.782 8.055 7.788
New Hampshire 9.563 6.979 7.436
New Jersey 8.590 5.436 6.509
New Mexico 0.175 6.441 6.123
New York 9.228 5.750 6917
North Carolina 5.285 4.403 4.608
North Dakota 0423 -0.215 -0.184
Ohio 2123 2.614 2522
Oklahoma 4.642 5.182 5.145
Oregon 4.839 4817 4.830
Pennsylvania -0.266 5.439 3.904
Rhode Island 8.996 10.505 10390
South Carolina 8.283 6.547 6.717
South Dakota -6.653 0.813 -1.148
Tennessee 16.348 6.438 7873
Texas 5306 6472 6.306
Utah -7.115 0.721 0227
Vermont -1.984 9.782 0.442
Virginia 2.266 3.137 3.033
Washington 0.522 3.625 3.041
West Virginia 8.986 4681 4.868
Wisconsin 4.224 3213 2413
Wyoming -4.338 1397 1212
United States 5.791 5.503 5.590




than the entire state population has. For example, suppose a state had experienced stable FSP and
Ul Program participation and rising per capita income. Our regression estimator would predict a
stable or declining percentage of eligible infants and children, implying that a sample estimate
showing a large increase in WIC eligibles is too high. The regression estimate will be lower than the
sample estimate for such a state. On the other hand, if the sample data for a state show a much
smaller increase in eligible infants and children than expected in light of the observed changes in FSP
and Ul Program participation and per capita income, the regression estimate for that state will be

higher than the sample estimate.

5. Using "shrinkage” methods, average the sample estimates of change and the predictions of
change.

As noted, the limitation of the sample estimator is imprecision. The limitation of the regression
estimator is called "bias." Some states really have larger or smaller increases in WIC eligibles than
we expect (and predict with the regression estimator) based on changes in FSP and Ul Program
participation and per capita income. Such errors in regression estimates reflect bias.

These limitations arise for the following reasons. The sample estimator uses only sample data
for one state to obtain an estimate for that state. It does not use sample data for other states or
administrative records data. Although the regression estimator borrows strength, using data from all
the states and administrative records data, it makes no further use of the sample data after estimating
the regression line. It assumes that the entire difference between the sample and regression estimates
is sampling error, that is, error in the sample estimate. No allowance is made for prediction error,
that is, error in the regression estimate. Although not all, if any, true state values lic on the
regression line, the regression estimator assumes they do.

Using all of the information at hand, a shrinkage estimator addresses the limitations of the
sample and regression estimators by combining the sample and regression estimates, striking a

compromise. As illustrated in Figure I1.3, a shrinkage estimator takes a weighted average of the
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FIGURE II.3
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sample and regression estimates. Generally, the more precise the sample estimate for a state, the
closer the shrinkage estimate will be to it. The larger samples drawn in large states support more
precise sample estimates, so shrinkage estimates tend to be closer to the sample estimates for large
states. Given the precision of the sample estimate for a state, the weight given to the regression
estimate depends on how well the regression line "fits.” If the regression estimator cannot find good
predictors reflecting why some states have larger increases in WIC eligibles than other states, we say
that the regression line "fits poorly.” The shrinkage estimate will be farther from the regression
estimate and closer to the sample estimate when the regression line fits poorly. In contrast, the
shrinkage estimate will be closer to the regression estimate and farther from the sample estimate
when the regression line fits well. Striking a compromise between the sample and regression
estimators, the shrinkage estimator strikes a compromise between imprecision and bias. The sample
and regression estimates are optimally weighted to improve accuracy by minimizing a measure of error
that reflects both imprecision and bias. By accepting a little bias, the shrinkage estimator may be
substantially more precise than the sample estimator. By sacrificing a little precision, the shrinkage
estimator may be substantially less biased than the regression estimator.

Table I1.2 presents state shrinkage estimates of the change between 1989 and 1992 in the
percentage of infants and children who were income eligible for WIC. Table I1.2 also displays the

sample and regression estimates from Steps 3 and 4.

6. Add the shrinkage estimate of the change between 1989 and 1992 to the census estimate of the
percentage eligible in 1989 to get a shrinkage estimate of the percentage eligible in 1992.

Table I1.3 presents census estimates of the percentage eligible in 1989 from Step 1, shrinkageA
estimates of the change in the percentage cligible between 1989 and 1992 from Step 5, and shrinkage
estimates of the percentage eligible in 1992 from this step. The shrinkage estimate of change added
to the census estimate for 1989 gives the shrinkage estimate for 1992. In other words, where a state

starts plus how much it changes tells us where the state ends up. For example, 28.543 percent of
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PERCENTAGES OF INFANTS AND CHILDREN INCOME ELIGIBLE:

TABLE 113

CENSUS AND SHRINKAGE ESTIMATES

Shrinkage Estimate of Shrinkage

1989 Change Between Estirpate

State (Census) 1989 and 1992 for 1992
Alabama 46302 2.506 48.808
Alaska 41367 8.238 49.605
Arizona 45474 6336 51.810
Arkansas 52.206 3977 56.183
California 37.760 8.619 46379
Colorado 36.057 0.133 36.190
Connecticut 21200 9.044 30.244
Delaware 28.543 6.788 3533
District of Columbia 46.241 12.032 58273
Florida 40.021 10.907 50.928
Georgia 40615 4.785 45.400
Hawaii 36.821 7325 44.146
Idaho 46.808 2.020 48.828
Dlinois 33.183 4.638 37.821
Indiana 35470 6.221 41.691
Iowa 36.846 2634 39.480
Kansas 36.760 0.620 37380
Kentucky 48.123 2409 50.532
Louisiana 52.651 0.977 53.628
Maine 34.528 10510 45.038
Maryland 24.246 8.268 32514
Massachusetts 25.087 1.596 26.683
Michigan 37172 4331 41503
Minnesota 29.362 1.454 30.816
Mississippi 57544 2.436 59.980
Missouri 38.929 5911 44 840
Montana 46.639 2.366 49.005
Nebraska 38.100 0.191 38.291
Nevada 34353 7.788 42141
New Hampshire 20.531 7.436 27.967
New Jersey 22.446 6.509 28.955
New Mexico 53.995 6.123 60.118
New York 35.136 6.917 42.053
North Carolina 39.911 4.608 44.519
North Dakota 42.554 0.184 42370
Ohio 37.048 2522 39.570
Oklahoma 47.638 5.145 52.783
Oregon 39.879 4.830 44,709
ja 33428 3.904 37332
Rhode Island 20823 10.390 40213
South Carolina 43.847 6.717 50.564
South Dakota 47214 -1.148 46.066
Tennessee 44,004 7873 51877
Texas 45835 6.306 52.141
Utab 39.999 0227 40.226
Vermont 31.164 9.442 40.606
Virginia 31369 3.033 34.402
Washington 34.764 3.041 37.805
West Virginia 51.603 4868 56.471
Wisconsin 34.094 2413 36.507
Wyoming 41211 1212 42423
United States 37.789 5.590 43379
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